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Current  environmental  risk  assessment  (ERA)  of chemicals  for  aquatic  invertebrates  relies on  stan-
dardized  laboratory  tests  in  which  toxicity  effects  on  individual  survival,  growth  and reproduction  are
measured.  Such  tests  determine  the threshold  concentration  of  a  chemical  below  which  no  population-
level  effects  are  expected.  How  well  this  procedure  captures  effects  on  individuals  and  populations,
however,  remains  an  open  question.  Here  we  used  mechanistic  effect models,  combining  individual-
level  reproduction  and  survival  models  with  an  individual-based  population  model  (IBM),  to  understand
the  individuals’  responses  and  extrapolate  them  to  the  population  level.  We  used  a toxicant  (Disperso-
gen  A)  for which  adverse  effects  on  laboratory  populations  were  detected  at the determined  threshold
concentration  and  thus  challenged  the  conservatism  of  the  current  risk  assessment  method.  Multiple
toxicity  effects  on reproduction  and  survival  were  reported,  in  addition  to effects  on  the  F1  generation.
We  extrapolated  commonly  tested  individual  toxicity  endpoints,  reproduction  and  survival,  to the  pop-
ulation  level  using  the  IBM.  Effects  on  reproduction  were  described  via  regression  models.  To  select  the
most  appropriate  survival  model,  the  IBM  was  run  assuming  either  stochastic  death  (SD)  or  individual
tolerance  (IT). Simulations  were  run  for different  scenarios  regarding  the  toxicant’s  effects:  survival  tox-
icity, reproductive  toxicity,  or survival  and  reproductive  toxicity.  As  population-level  endpoints,  we  used
population  size  and  structure  and  extinction  risk. We  found  that  survival  represented  as  SD  explained
population  dynamics  better  than IT. Integrating  toxicity  effects  on  both  reproduction  and survival  yielded
more accurate  predictions  of  population  effects  than considering  isolated  effects.  To  fully  capture  popula-
tion  effects  observed  at high  toxicant  concentrations,  toxicity  effects  transmitted  to the F1 generation  had
to be integrated.  Predicted  extinction  risk  was  highly  sensitive  to the assumptions  about  individual-level
effects.  Our results  demonstrate  that  the  endpoints  used  in  current  standard  tests  may  not  be  sufﬁcient
for assessing  the  risk  of adverse  effects  on  populations.  A combination  of  laboratory  population  exper-
iments  with  mechanistic  effect  models  is a powerful  tool  to  better  understand  and predict  effects  on
both  individuals  and  populations.  Mechanistic  effect  modelling  thus  holds  great  potential  to  improve  the
accuracy  of  ERA  of  chemicals  in  the  future.
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1. Introduction
Environmental risk assessment (ERA) involves determining the
adverse effects that chemicals and other stressors exert on ecologi-
cal systems. Because it is impossible to eliminate all environmental
effects of human activities, decisions were made to deﬁne protec-
Open access under CC BY-NC-SA license.tion goals which strike a compromise between the beneﬁts of using
the chemicals and costs in terms of acceptable effects. Protection
goals vary among different biological levels of organization. In con-
trast to vertebrates, where the visible mortality of individuals has
ense.
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o be prevented, the target entity for aquatic invertebrates is the
opulation rather than the individual (Brock et al., 2006; EFSA,
010; Hommen et al., 2010), which implies that lethal and sub-
ethal effects on individuals are accepted if they do not impair the
unctioning of the population.
Nevertheless, the standard ERA procedure for aquatic
nvertebrates still relies on laboratory tests at the individual
evel (Forbes et al., 2008), testing for effects of chemicals on
imple endpoints like survival, growth or reproduction. One of
he commonly used approaches in estimating the risk posed
y chemicals relies on applying safety factors to the measured
Cx (the x% effective concentration) or NOECs (the no observed
ffect concentration) of tests with acute or chronic exposure
o the chemical, to calculate the PNEC, the predicted no effect
oncentration (European Commission, 2003).
Such measures of risk have been criticized as they might not
lways be sufﬁcient to ensure that protection goals are reached,
hus limiting the application of risk assessment as a tool for man-
ging environmental resources (Forbes et al., 2010). One example
f the limitations of the current standard approach are the lab-
ratory population test results for daphnid populations exposed
o Dispersogen A (Hammers-Wirtz and Ratte, 2000), a substance
sed as an additive in several pesticide formulations as well as in
ndustries such as textile printing (Kromm,  1995) Dispersogen A
as been shown to spread into the aquatic environment (Karl, 1998;
choenberger and Kaps, 1994).
Dispersogen A has a low acute toxicity for Daphnia magna
EC50 = 167 mg  L−1, 48 h) and a NOEC for reproduction of
0.2 mg  L−1 (derived from 21-day reproduction tests, Hammers-
irtz and Ratte, 2000). The PNEC value derived from standard
eproduction tests, calculated as the ratio of NOEC to a safety factor
f 50 (European Commission Technical Guidance Document, 2003),
urned out to be not protective even for laboratory populations
conducted under controlled conditions) as it led to a reduction
f the population size by almost 20% (Hammers-Wirtz and Ratte,
000).
This suggests that, in this case, changes in population properties
ollowing exposure did not emerge solely from toxicity effects on
he survival of individuals and on the number of living offspring,
hich are the endpoints considered in the classical risk assess-
ent methodology, but that additional effects of the toxicant were
mportant as well.
In addition to the measured toxicity effects on reproduction and
urvival, Dispersogen A has further complex effects on individual
aphnids. First, a stimulatory (hormetic) response of the repro-
uctive output accompanied by a decrease in the body length of
eonates was reported (Hammers-Wirtz and Ratte, 2000).
Secondly, the same study showed signiﬁcant effects on several
ndpoints in daphnid individuals born in the F1 generation (for
etails, see Section 2). Neither the stimulatory effects on the indi-
idual reproductive output nor the effects on the F1 generation are
urrently adressed in the risk assessment.
Therefore, here we explored the hypotheses that the risk
ssessment failed to be protective for populations in the case of Dis-
ersogen A due to ignoring either the stimulatory toxicity effects
n reproduction, or the observed effects on the F1 generation, or to
gnoring both of these effects. To explore these different hypothe-
es and identify the most likely real drivers of effects observed
t the population level, we need a tool that enables us to inde-
endently capture the toxicant’s modes of action at the individual
evel and to test their effects at the population level. Mechanistic
ffect models, and particularly individual-based population mod-
ls (IBMs), are used to overcome the limitations of standard tests.
hey allow us to test different assumptions about the organism
evel effects of chemicals (Forbes et al., 2008; Grimm et al., 2009;
reuss et al., 2009) and to explore which of these organism-levellling 280 (2014) 18–29 19
endpoints are most predictive of population-level effects (Preston
and Snell, 2001). Moreover, IBMs allow the integration of different
toxicokinetic/toxicodynamic (TK/TD) models, which dynamically
simulate the processes that lead to toxicity within an organism,
and its corresponding effects on survival (Ashauer et al., 2011; Jager
et al., 2011).
In this study, we used an existing IBM of daphnids (IDamP,
Preuss et al., 2009) combined with a TK/TD model for survival
(GUTS, Jager et al., 2011) to extrapolate the effects of Disper-
sogen A from daphnid individuals to the population level. We
contrasted different assumptions about individual-level effects of
the toxicant and tested how well the resulting population models
explained observations from two  laboratory population experi-
ments (Hammers-Wirtz and Ratte, 2000). Our main aim was to
identify the modes of action triggering the population-level effects
in daphnids exposed to Dispersogen A, which were the reason
behind the failure of the current risk assessment to be protective
at the population level.
2. Materials and methods
2.1. Dispersogen A: properties and modes of action
Dispersogen A is a condensation product of Naphthalene sul-
phonic acid with formaldehyde (Kromm, 1995). According to
Daphnia reproduction tests (Coors et al., 2004; Hammers-Wirtz and
Ratte, 2000), adverse effects of Dispersogen A were reported on the
reproductive output of daphnids at as low as 0.1 mg L−1. However,
and contrary to classical toxicants which induce a reduction in the
clutch size, exposure to Dispersogen A increases the clutch size (by
as much as 53% compared to the control) up to a concentration of
10.2 mg  L−1, at the expense of decreasing neonate body length (ﬁt-
ness) (lowest observed effect concentration, LOEC = 0.1 mg  L−1). It
is only at higher concentrations (25.6 mg  L−1) that the clutch size is
reduced, and at concentrations exceeding 64 mg  L−1, reproduction
is completely inhibited (Hammers-Wirtz and Ratte, 2000). In addi-
tion to effects on reproduction, Dispersogen A causes signiﬁcant
mortality (EC50 = 16.5 mg  L−1, Hammers-Wirtz and Ratte, 2000) at
the individual level.
Furthermore, experiments with neonates from exposed moth-
ers that were grown individually in uncontaminated medium
showed that toxic effects of Dispersogen A transmit to the next gen-
eration (F1) where they cause even stronger negative effects than
in the original generation. Examples include signiﬁcant decreases
in the body and clutch sizes observed at even very low concen-
trations, e.g. 1.64 mg  L−1 in the F1 generation, compared to effects
observed at a concentration of 25.6 mg  L−1 in the original genera-
tion, or the decrease in neonate survival observed at 0.001 mg  L−1
in the F1 generation test compared to 1.64 mg L−1 in the original
generation (Hammers-Wirtz and Ratte, 2000).
2.2. The models
2.2.1. The Daphnia population model IDamP
We used the individual-based population model IDamP for D.
magna (Preuss et al., 2009) to simulate the effects of Dispersogen
A. IDamP predicts the population dynamics of D. magna based on
individual life cycles, including the feeding, growth, development,
reproduction and survival processes. The main drivers of these pro-
cesses are the food conditions and, via crowding effects, the density
of the population. The model is applicable at a laboratory scale, with
the algae Desmodesmus subspicatus as a food source. All submodels
of IDamP representing the life cycle process are descriptive regres-
sion models, which were based on a large dataset from different life
cycle tests. Predictions of the full model regarding population size
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nd structure were successfully validated against population tests
ith different feeding scenarios (ﬂow-through or semi-static), dif-
erent food supplies including starvation, crowding conditions, or
nitial population sizes and structures (Preuss et al., 2009). Addi-
ionally, the potential of IDamP to extrapolate toxicity effects was
emonstrated for 3,4-dichloroaniline (Preuss et al., 2010).
IDamP was implemented in Delphi® using Embarcadero 2010
AD studio XE2. A full model description following the ODD pro-
ocol (Overview, Design concepts, Details; Grimm et al., 2006) is
rovided in Preuss et al. (2009).
.2.2. Toxicity effects on reproduction: Reprotox model
The toxicant’s effects on reproduction were accounted for by
alibrating stress functions. We  used life history data from chronic
ests at the individual level which include effects on clutch size
nd neonate length. Data originated from three laboratory repro-
uction tests (Agatz, unpublished diploma thesis, RWTH Aachen
niversity, 2009; Hammers-Wirtz and Ratte, 2000) and comprised
ix exposure levels to Dispersogen A (0.001, 0.1, 1.64, 4.1, 10.2 and
5.6 mg  L−1). In these tests, clutch size increased with increasing
xposure concentrations except at the highest concentration where
t was reduced to 36% of the total number of neonates released in
he controls. As recommended by the OECD Guidelines (2008), we
pplied a hormetic model to account for the stimulatory effects of
ispersogen A observed at low concentrations. Hormetic models
erive from a simple log-logistic dose response function but with
n additional parameter describing the proportion of the stimula-
ory response of some process at low toxicant concentrations (Brain
nd Cousens, 1989). We  tested the two models which are most com-
only used in the literature, to account for the hormetic effects of
ispersogen A on clutch size. The ﬁrst one (Eq. (1)) was  developed
y Brain and Cousens (1989):
 = c + d − c + fx
1 + exp(b ln(x/e)) (1)
ith (in our case) y denoting the clutch size (% controls), x the con-
entration of Dispersogen A (mg  L−1), c the clutch size at inﬁnite
oncentrations, d the clutch size of the untreated control and f the
ate of increase in clutch size at low concentrations. Parameters b
nd e are for calibration and have no biological interpretation (Brain
nd Cousens, 1989).
Later this model was modiﬁed by Cedergreen et al. (2005) who
eplaced fx by fexp(−x−a), with a being an additional calibration
arameter. The Cedergreen model (Eq. (2)) was shown to yield bet-
er ﬁts than the Brain and Cousens model for some substances (Belz
nd Piepho, 2012):
 = c + d − c + f exp(−x
−a)
1 + exp(b ln(x/e)) (2)
We tested both models with our data and ranked them by (i)
omparing the agreement of regressions to the measured data
raphically, (ii) taking the highest r2 value and (iii) the lowest
kaike information criterion (AIC; Akaike, 1973) value of both mod-
ls (Eq. (3)).
IC = a ln(RSS) + 2p (3)
ith a being the number of experimental observations, RSS the
esidual sum of squares and p the number of parameters in the
odel.
Additionally to the measured effects of Dispersogen A on clutch
ize, exposed daphnids produced neonates of a smaller size at all
oncentrations (Fig. 1a). These effects were accounted for by ﬁtting
n exponential decay function to the measured data (Eq. (4)).
eonate length (%control)  = 100 − 1.32 × ln C[Dispersogen A]
100
(4)elling 280 (2014) 18–29
In the following, we  refer to the model accounting for the effects on
reproduction (changes in clutch size and neonate length together)
as the Reprotox model.
2.2.3. Toxicity effects on survival: the GUTS model
Toxicity effects on survival were calibrated using the General
Uniﬁed Threshold model for Survival, GUTS (Jager et al., 2011).
GUTS uniﬁes existing TK/TD models of survival that can be derived
from two main speciﬁc assumptions, stochastic death (SD) or indi-
vidual tolerance (IT) and different dose metrics. SD and IT differ
substantially in their underlying assumptions, leading to different
predictions of population properties. The dose metrics has to be
selected based on knowledge of the mode of action and/or data
availability. Since no information could be withdrawn from our
data on the uptake rate, the internal concentration could not be
determined. We  therefore used the scaled internal concentration,
Ci as dose metrics (for details, see Jager et al., 2011).
dCi(t)
dt
= Ke(Cw(t) − Ci(t)) (5)
with Ke (h−1) being the dominant rate constant and Cw (mg  L−1)
the external concentration.
SD models assume that when Ci reaches a certain value, the
threshold for effects (z, mg  L−1), all individuals have an increasing
probability of dying. This probability is represented by the hazard
rate (hz), which is proportional to the difference between Ci and the
threshold value (z).
hz(t) = Kk × max(Ci(t) − z, 0) (6)
with Kk (mg  L−1h−1) being the killing rate.
The hazard rate is then integrated to obtain the cumulative haz-
ard at time t.
Hz(t) =
∫ t
0
hz()d (7)
with  representing time from 0 to t.
Survival then decreases with increasing hazard rate
S(t) = exp(−Hz(t)) (8)
IT models assume that individuals have different sensitivities to
the toxicant, so the threshold level of effects is not ﬁxed but follows
a probability distribution function, F(t). The most commonly used
probability density functions to describe survival data (exponen-
tial, Weibull, log-normal and log-logistic) were tested to calibrate
survival effects. The best distribution was  chosen according to the
graphical accordance between measured and predicted data, and to
the r2 values derived from the predicted-measured plots. Accord-
ingly, the log-logistic probability distribution function yielded the
best ﬁt to survival data. The cumulative threshold level (F(t)) was
therefore calculated following the cumulative distribution func-
tion:
F(t) = 1
1 + ((max0<<tCi())/˛) − ˇ
(9)
with  ˛ (mg  L−1) being the median of the distribution,  ˇ (dimen-
sionless) the shape parameter that determines the width of the
distribution, and maxCi() (mg  L−1) the highest Ci that occurred
until time t. The survival model was then calculated as
S(t) = (1 − F(t)) (10)
Two standard datasets from acute (125, 250 and 500 mg L−1;OECD, 2004) and chronic (0.1, 1.64, 25.6 and 64 mg  L−1; OECD,
2008) tests were used to estimate parameters for the two alter-
native survival models, SD and IT. We  used the downhill simplex
approach (implemented in Embarcadero 2010 RAD studio Delphi
F. Gabsi et al. / Ecological Modelling 280 (2014) 18–29 21
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E2 using TPMath 7.0 program) to maximize the likelihood func-
ion (Eqs. (9) and (10) in Jager et al., 2011) and optimize the ﬁt
f parameter estimates to the measured data. Selection of the most
ccurate survival model between SD and IT was based on the regres-
ion parameters (r2, slope and intercept values) of calibrated to
easured data (Calculated in Delphi XE2 using Statmaster 3.5;
ewResearch).
.2.4. Toxicity effects on the F1 generation: F1 model
The F1 experiments were conducted (Hammers-Wirtz and
atte, 2000) by transferring neonates from exposed mothers
0.001; 0.1; 1.6 and 10.2 mg  L−1) into uncontaminated media and
bserving their ﬁtness for an additional 21 days. Long lasting effects
ere reported in F1 generation such as reduced size, and inhibition
f reproduction up to 70%, in addition to mortality which increased
p to 40% (more details can be found in Hammers-Wirtz and Ratte,
000). Due to the limited data available on this test for the different
oncentrations, we were unable to parameterize the effects using
 concentration response relationship or a TK/TD model for every
ffected endpoint. Therefore, it is important to emphasize that in
his study, the F1 generation effects were only implemented at con-
entrations equalling or exceeding 4.1 mg  L−1 and were assumed
o be independent of the exposure concentration. Thus, F1 genera-
ion effects were not implemented in a realistic but in a worst case
anner, by accounting for the maximum inhibition of reproduction
nd the maximum observed mortality. IDamP was designed so that
oxicity levels could be manually assigned as a percent inhibition
rom the control. Consequently, the F1 model calculated 40% higher
ackground mortality and reproduction was inhibited by 70% in
ddition to effects on survival and on reproduction calculated with
he other effect models for the corresponding concentrations.
.3. Model testing
.3.1. Laboratory population tests
The model was tested against data from two  abundance time
eries tests (ﬁrst test by Hammers-Wirtz, unpublished, and second
est in Hammers-Wirtz and Ratte, 2000) conducted under semi-
tatic conditions. They differed in the start population as well as in
he feeding regime.The ﬁrst population test (three replicates per treatment) started
ith 5 neonates and 3 adults, who were fed 0.5 mg  C per vessel
er day. The test concentrations of Dispersogen A ranged between
.64 and 25.6 mg  L−1 and the experiment lasted for 42 days. In neonates’ body length (a) and clutch size (b) with Dispersogen A concentrations.
, the ﬁt of model 1 (Brain and Cousens) is indicated by a solid line and of model 2
the controls (Figure SI1a in the Supplementary Information), the
population grew until reaching a maximum population size of 91
individuals on average, when food became limiting and the popu-
lation decreased until reaching a plateau (80 individuals at day 18).
Population size then oscillated around the carrying capacity (60 to
82), most likely due to competition for food and crowding effects.
Overall, the average (±standard deviation) measured control pop-
ulation size was 68 ± 22. All exposed populations showed the same
dynamics: after the growing phase, whose duration and magnitude
depended on the toxicant concentration, the populations under-
went a sharp decline (down to 2% of the control population at the
highest concentration). Except at the highest concentration, popu-
lations showed (at day 18) a second series of increase (up to 153%
of the control) followed by a subsequent decrease (down to 52% of
the control). The populations then oscillated around the carrying
capacity and did not reach a quasi stationary equilibrium at any
of the exposure levels. In the following, we will refer to the ﬁrst
population test as the capacity experiment.
The second population test (four replicates; Fig. 4 in Hammers-
Wirtz and Ratte, 2000) started with 5 neonates who were fed
1.25 mg  C per day in the ﬁrst two weeks and 1.75 mg C per day
from the third week till the end of the experiment (45 days). Dis-
persogen A concentrations ranged between 0.1 and 25.6 mg  L−1. In
this experiment, the populations grew exponentially and reached a
maximum abundance level which depended on the Dispersogen A
concentration (Figure SI1b in the Supplementary Information: for
more details see Hammers-Wirtz and Ratte, 2000). In the following,
we will refer to the second population as the exponential growth
experiment.
2.3.2. Tested scenarios of individual-level effects
In order to distinguish between the different toxicity effects of
Dispersogen A, population simulations were run assuming six dif-
ferent scenarios, emerging from three single effect models: effects
observed on populations are caused by reproductive toxicity only
(Reprotox model) or by survival toxicity only (survival model) with
the latter effect being tested either with the SD or with the IT
assumption.
The fourth and the ﬁfth scenarios were derived from a combina-
tion of Reprotox and survival models, using SD or IT assumptions.
These ﬁve different alternative scenarios were tested at each expo-
sure level and compared to both datasets. The last tested scenario
was the F1 generation model which accounted for the Reprotox
model and the survival model in addition to the F1 generation
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ffects. Survival in the F1 model was simulated using only the SD
ssumption (which provided the best agreement to both popula-
ion datasets). Therefore, the F1 generation model combined the
D + R + F1 effects. The F1 generation model was tested at 4.1, 10.2
nd 25.6 mg  L−1 and was compared to both datasets.
.3.3. Population predictions
The IDamP model including the toxicity submodels was  tested
t the population level using the two population experiments
described in Section 2.3.1) without further calibration. Thus,
opulation-level model results have to be classiﬁed as uncalibrated
redictions. IDamP was initialized for the different population tests
ccording to the experimental conditions. Exposure was assumed
o be constant. Monte-Carlo simulations (1000 simulations) were
un over 42 days in the capacity experiment and 45 days in the
xponential growth experiment for each effect scenario. To deter-
ine extinction risk, 1000 simulations were run for each scenario
or 150 days. This time period was chosen to ensure that all daph-
ids reached their maximum life time and died at that time point.
.4. Analysis of model outputs
.4.1. Mean population size and size structure
Population size and the 95% percentiles were used to indicate
he effects of the toxicant on population dynamics. To test how well
ach individual-level effect scenario explained population-level
ffects, the simulated population size for each toxicant concen-
ration was observed over time (with 95% conﬁdence levels) for
ifferent Dispersogen A concentrations and in comparison to the
ize of the measured control population. Additionally, the dynam-
cs of the three different size classes of the population (neonates:
maller than 1.4 mm,  juveniles: smaller than 2.6 mm,  and adults:
arger than 2.6 mm)  were observed.
.4.2. Extinction probability
Extinction probabilities were calculated for the six toxicity sce-
arios using IDamP. For each toxicant concentration, the proportion
f the population becoming extinct was determined. The concen-
ration that was lethal to 50% of the population, the LC50(pop), was
stimated for each scenario.
.4.3. Validation metrics
Different metrics were used to estimate how well the tested
ndividual-level effect models described effects at the population
evel. First, the deviations from the mean measured data (Eq. (11))
nd the sum squared errors (SSE; Eq. (12)) were calculated using
icrosoft Excel 2010 Inc. The smaller these indicators, the more
ccurately the models describe population dynamics.
eviation (%) = 1
n
n∑
0
( |y¯i − yi|
yi
)
(11)
SE =
n∑
i=1
(Y¯i − yi)
2
(12)
ith n being the number of observations; yi and y¯i are respec-
ively the mean measured and predicted population sizes at the
th observation.
Furthermore, following the method of Scholten and Van der Tol
1994), area comparison statistics were determined as additional
ndicators of goodness of ﬁt. These statistics rely on the comparison
f the intervals (delimited by the minimum and maximum values)
f both measured ‘M’  and predicted ‘P’ data, and determining the
xtent of overlap between the two intervals (Intersection, I). If ‘I’ iselling 280 (2014) 18–29
null, there is no overlap between model predictions and the mea-
sured observations, and the model is therefore useless. The higher
the ‘I’ value is, the larger the fraction of measured observations the
model predicts, and thus the more useful it gets. Area compari-
son statistics were estimated in the following way: First, at each
time point, the measured area ‘M’  was calculated as the difference
between the maximum and the minimum (among the replicates)
population size. Similarly, the predicted area ‘P’ was calculated as
the difference between the high (95%) and low (5%) conﬁdence
intervals. Subsequently, ‘I’ was  deduced by subtracting the smallest
value between the maximum measured and maximum predicted
values from the highest value between the minimum measured and
minimum predicted values (Eq. (13)).
I = (Min(Max P, Max M)  − Max(Min P, Min M))  (13)
The ratio of ‘I’ to ‘M’  represents the ‘adequacy’ of the model, which
then describes the proportion of the measured area that is cov-
ered by the model, i.e. the area that is adequately simulated by the
model. The ratio of ‘I’ to ‘P’ represents the ‘reliability’ of the model,
i.e. when the area covered by the model is high compared to the
intersection area, this means that the model has high uncertainty
levels and is therefore of low reliability. This method was also used
by Preuss et al. (2010) and was  recommended in a recent textbook
on modelling by Haefner (2005).
Moreover, predicted measured statistics (r2, intercept and slope
values) were calculated for each scenario.
3. Results
3.1. Calibration results
3.1.1. Reproductive toxicity (Reprotox) model
The variation of the neonates body size with Dispersogen A con-
centrations was  successfully predicted by the exponential decay
regression model (r2 = 0.97; Fig. 1a).
To simulate the increase in the number of neonates per female
at low Dispersogen A concentrations, a suitable hormesis model
had to be selected. Model 1 (Brain and Cousens model) and model 2
(Cedergreen model) had r2 values of 0.96 and 0.91, respectively. The
AIC in model 1 was  smaller (79.19 compared to 87.46 in model 2).
Accordingly, model 1 (Fig. 1b) was more appropriate for describing
Dispersogen A effects on clutch size than model 2. All parameters
within the model (Eq. (1)) signiﬁcantly contributed to determining
the clutch size.
3.1.2. Survival models
Model calibrations using SD and IT approaches are shown in
Fig. 2. The corresponding parameters (with the 95% conﬁdence lev-
els) and estimators of goodness of ﬁt are summarized in Table 1.
Good ﬁts to data are indicated by r2 and slope values close to 1 and
by intercepts close to 0. Both approaches predicted the variabil-
ity in the measured data well (r2 = 0.93). Comparing the slope and
the intercepts values, the IT approach was  slightly advantageous.
A graphic comparison of the goodness of ﬁt at each effect concen-
tration showed that both models ﬁtted the data well at the highest
concentrations (125–500 mg  L−1). At 25.6 mg L−1, IT and SD pre-
dicted the decrease in survival but SD overestimated the effect. At
1.6 mg  L−1 and 64 mg  L−1, SD predicted the reduced survival more
accurately than IT. From these results, we were unable to make
inferences as to which approach was tangibly more appropriate in
describing survival effects. Therefore, in the following simulation
experiments, we tested the efﬁciency of assumptions, SD and IT, for
predicting population-level effects.
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.2. Assuming individual-level effects on reproduction and
urvival
Mean predictions (Monte-Carlo simulations) of population size
ith different Dispersogen A concentrations (as a percentage of
he untreated control data) using SD, IT or Reprotox are shown
n Fig. 3a and b for the capacity experiment and the exponential
rowth experiment, respectively. The predicted and measured pop-
lation dynamics over time using these effect models are shown
n Figure SI1a for the capacity experiment and Figure SI1b for the
xponential growth experiment.
In both experiments, the control populations’ dynamics and
ean population size were accurately predicted by the model with
nly 15% and 14% deviation from the measured data for the capacity
nd the exponential growth experiments, respectively. However,
one of the standard endpoints currently addressed in risk assess-
ent, namely reproduction and survival was able to fully capture,
f considered separately, the effects observed at the population
able 1
arameter estimates of the survival models and predicted-measured statistics. In the stoc
 log logistic distribution in the individual tolerance (IT, Eq. (10)) model. Values between 
he  value was  not estimated.
SD [5% Cl; 95% Cl] 
Models’ parameters
Killing rate, Kk (mg  L−1 h−1) 1.92 × 10−04 [1.52 × 10−04; 2
Elimination rate, Ke (h−1) 0.034 [0.022; 0.041] 
˛  (mg  L−1) [–] 
ˇ  [–] 
Threshold for effects z (mg  L−1) 0.018 × 10−04 [nd; 0.032] 
Regression parameters of calibrated to measured data
Slope 0.9 
Intercept 9.87 
r2 0.93 
d, no lower limit found.nia magna (acute and chronic tests) analysed with two reduced TK/TD models for
ncentration. Symbols indicate measured data for the different concentrations, and
level in both experiments. Deviations between model predictions
and measured mean abundance were low at lower concentrations
and increased with increasing concentrations of Dispersogen A.
The deviations were more pronounced in the exponential growth
experiment than in the capacity experiment.
The observed increase in mean population size (by almost 4%
of the control) at the two lowest exposure concentrations in the
capacity experiment (Fig. 3a) was only predicted by the reproduc-
tive toxicity model (with 21% and 31% deviation from the data at
0.64 and 1.6 mg  L−1, respectively) while with survival models, the
population size was  reduced (by 2.5% with SD) or remained con-
stant (with IT). At these concentrations, no increase in the mean
population size was observed in the exponential growth experi-
ment, but an increase was predicted by the reproductive toxicity
−1scenario. At 25.6 mg  L , the mean population size was 16% and 3%
of the control population in the capacity and exponential growth
experiments, respectively. All single effect models yielded large
deviations to the measured data.
hastic death (SD, Eq. (8)) model, the threshold z is a single value, whereas it follows
brackets are the likelihood based 95% conﬁdence levels. Empty brackets mean that
IT Log logistic distribution [5% Cl; 95% Cl]
.22 × 10−04] [–]
6.5 × 10−12 [nd; 10−05]
4.4 × 10−08 [nd; 10−05]
1.46 [1.31; 1.61]
[–]
0.99
−0.42
0.93
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rowth experiment (b). Open dots show measured data; R, Reprotox; SD, stochastic
ombined.
The sums of squared errors, SSE (Fig. 4a and b), indicate no
ifferences between the two survival models and the Repro-
ox model in predicting population dynamics for the capacity
xperiment, whereas for the exponential growth experiment,
ffects on survival were a better predictor than effects on
eproduction.
Furthermore, single simulation results using the single effect
odels SD, IT, or Reprotox (Figure SI2) reﬂected the ﬂuctu-
tions observed in the population dynamics of the capacity
xperiment with the Reprotox model, but not with the survival
odels.
ig. 4. Sum of squared errors for the different effect models in the capacity experime
oncentrations. Acronyms of the effect(s) models are as in Fig. 3.n relation to Dispersogen A in the capacity experiment (a) and in the exponential
; IT, individual tolerance; F1, additional effects on the F1 generation; “+” submodels
3.3. Assuming combined effects on reproduction and survival
In both population experiments, IT + R (IT combined with
Reprotox) and SD + R (SD combined with Reprotox) effect mod-
els described similar population behaviour with an increase at the
two lowest exposure levels, followed by a decrease from 4.1 mg  L−1
onwards (Fig. 3a and b). Nevertheless, the higher the concentration,
the more accurate the predictions with SD + R became compared to
IT + R. Additionally, SSE calculated for the SD + R model was smaller
than that of the IT + R model in both datasets (except at 1.6 mg L−1
in the capacity experiment). Therefore, in the case of Dispersogen
nt (a) and the exponential growth experiment (b) in relation to Dispersogen A
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xperiment (b). Open dots show the measured data. Solid and pecked lines show
espectively. Dashed and dotted lines show the 95th percentiles in the SD + R and S
, SD + R appeared to be the most accurate individual-level effect
odel for predicting population size.
Fig. 5 shows population dynamics predicted by the SD + R model
or both experiments (from 4.1 mg  L−1) and Fig. 6 shows the predic-
ions for the dynamics of size classes in the capacity experiment.
n the capacity experiment, the SD + R model matched the mea-
ured population size over the entire experimental time quite well.
ikewise, the measured dynamics of the neonates and the juveniles
ere accurately captured by this model. However, the adult frac-
ion of the population was over-estimated at low concentrations.
In the exponential growth experiment, the model ﬁtted bet-
er to the measured population size at the ﬁrst and the second
hases until day 35, when population size was over-predicted at
ll exposure levels.
.4. F1 generation effects
After accounting for the combined effects on survival and repro-
uction, there was still a reduction in the population size at the
ighest concentrations which was explained by none of the effect
odels (Fig. 3a and b). Fig. 3 shows the results of the variation in
he mean population size compared to the control, including the F1
ffect model where survival was modelled using the SD assump-
ion (SD + R + F1). The simulated population dynamics including the
1 generation model were compared to the SD + R model in Fig. 5(a
nd b) in both experiments. generation effects in the capacity experiment (a) and in the exponential growth
verage of 1000 Monte Carlo simulations in the SD + R and the SD + R + F1 models,
 F1 models, respectively. Acronyms of the effect(s) models are as in Fig. 3.
In the capacity experiment, at 4.1 and 10.2 mg  L−1, model simu-
lations including F1 effects overestimated the effects on population
dynamics and mean population size (Figs. 3a and 5a). However,
at 25.6 mg  L−1, they were more accurate than those of SD + R and
the reduction in the population size compared to the control was
fully captured (Fig. 3a). Additionally, model predictions including
F1 effects yielded the smallest SSE compared to the other models
at that concentration (Fig. 4a).
In the exponential population growth experiment, F1 reduced
the deviations between SD + R simulations and the measured
data also at the lowest concentration considered 4.1 mg L−1
(Figs. 3b and 5b), along with smaller SSE values (Fig. 4b). Values
of 94%, 98% and 99% of the measured reductions in the population
size as a percent of the control were obtained with the SD + R + F1
model at 4.1, 10.2 and 25.6 mg  L−1, respectively. The advantage of
SD + R + F1 over SD + R was  more evident at 4.1 and 10.2 mg L−1
whereas it provided a similar ﬁt to the data at 25.6 mg L−1 (Fig. 3b)
but with smaller SSE than SD + R model (Fig. 4b).
3.5. Ranking model scenarios based on prediction quality
Statistical measures for the prediction quality of the different
model approaches are summarized in Table 2. In the capacity exper-
iment, SD + R and SD + R + F1 effect models had the highest r2 values
(0.52 and 0.48, respectively) followed by the SD model (0.42). Ade-
quacy values of F1 + SD + R and SD + R models were also the highest
(0.41) whereas the most reliable models were SD + R and SD (0.31).
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Fig. 6. Predictions of the dynamics of size classes in capacity experiment population obtained with the SD + R model. Open dots show the measured data. Solid lines show
the  average of 1000 Monte Carlo simulations using the SD + R effect model, dashed lines the minimum and maximum.
Table 2
Predicted measured and area comparison statistics between the measured data and the different models’ simulations in the capacity experiment and in the exponential
growth experiment. Acronyms of the effect(s) models are as in Fig. 3.
Slope Intercept r2 Adequacya Reliabilitya
Capacity experiment
Simulated control 0.99 10.48 0.76 0.55 0.26
R  0.5 11.2 0.33 0.38 0.22
SD  0.76 1.03 0.42 0.38 0.31
IT  0.62 7.4 0.29 0.33 0.29
SD  + R 0.62 8.4 0.52 0.41 0.31
IT  + R 0.56 8.9 0.4 0.35 0.27
SD  + R + F1 0.57 25.48 0.48 0.41 0.24
Slope Intercept r2 Adequacy Reliability
Exponential growth experiment
Simulated control 0.9 35.2 0.73 0.32 0.37
R  0.33 9.51 0.21 0.2 0.18
SD  0.49 −0.39 0.3 0.33 0.16
IT  0.42 2.8 0.26 0.16 0.14
SD  + R 0.34 10.9 0.27 0.33 0.18
IT  + R 0.36 10.7 0.25 0.32 0.2
SD  + R + F1 0.64 42 0.61 0.48 0.29
a Output of the method developed by Scholten and Van der Tol (1994); see text.
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In the exponential growth population experiment, SD + R + F1
ad the highest r2, adequacy and reliability values compared to the
ther effect models (0.61; 0.48 and 0.29, respectively), followed by
D + R and SD which showed similar adequacy values (0.33) but
ifferent reliability (0.18 and 0.16, respectively) and r2 (0.27 and
.3, respectively) values. The low reliability values recorded for all
ubmodels mean that the uncertainty levels yielded by the model
redictions were high compared to the capacity experiment, and
lso that the SD + R + F1 effect model was the most reliable.
.6. Extinction probability
Extinction probability (Fig. 7) for Dispersogen A clearly
epended on the individual-level effect scenario. With the
eprotox model, the concentration that was lethal to 50% of
he population, the LC50(pop), was 29.6 mg  L−1. Although there
as a large difference between extinctions obtained with
he SD approach (LC50(pop) = 55.4 mg  L−1) and with IT approach
LC50(pop) = 244.9 mg  L−1), this difference was signiﬁcantly reduced
hen survival models were combined with the Reprotox model.
inally, there was still a difference between the LC50(pop), obtained
ith the combined reproductive and lethal effect simulation
SD + R) and with the inclusion of F1 generation effects, which were
ound to be 15.6 mg  L−1.
. Discussion
.1. Relevance of the test compound for ecology and ERA
We  view Dispersogen A as an important case study for two rea-
ons. From an ecological point of view, Dispersogen A mimics the
echanism of action of natural infochemicals (Klaschka, 2008) that
nduce a shift in the biomass allocation to reproduction in Daph-
ia (Coors et al., 2004; Hammers-Wirtz, 2002; Hammers-Wirtz and
atte, 2000). Tradeoffs between size and number of neonates are
 common strategy in Daphnia when faced with changes in envi-
onmental conditions such as crowding (Cleuvers et al., 1997), food
carcity (Ebert, 1993), or predation (Coors et al., 2004). The pres-
nce of a toxicant with a similar mechanism of action might alter
he adaptive responses of the daphnids (Hammers-Wirtz, 2002).
oreover, if adaptive strategies induce the production of ﬁtter gen-
rations, the presence of Dispersogen A induces the contrary effects
Hammers-Wirtz and Ratte, 2000).lling 280 (2014) 18–29 27
From a regulatory point of view, the multiple and complex
effects of Dispersogen A on individual daphnids led to the observed
underestimation of the effects on laboratory populations, which
justiﬁes the need to proceed with further investigations to ensure
the conservatism of current risk assessment for Dispersogen A
to ﬁeld populations. Standard tests do not identify the mecha-
nism underlying the observed effects on individuals; even from the
adopted reproduction tests (OECD, 2008) or immobilization tests
(OECD, 2004), no inferences on mechanisms can be made. Popula-
tion growth experiments have been recommended as a surrogate
for reproduction tests (Hammers-Wirtz and Ratte, 2000) because
they provide additional information on other population-level end-
points (population growth rate, population size), and are therefore
more reliable (Agatz et al., 2012). However, they still do not allow
for inferences on the mechanisms underlying the effects on popula-
tions. We conclude that it is important for establishing an accurate
risk assessment of chemicals to understand, as a ﬁrst step, the mode
of action of the toxicant in question.
Chemicals with multiple toxicity effects are therefore par-
ticularly challenging for risk assessment. Here, we discuss the
modelling approach used in the present study to understand the
multiple modes of action of Dispersogen A and their effects on
populations, and we  highlight its advantages and implications for
the risk assessment.
4.2. Modelling approach
Reproductive effect models: A biphasic relationship existed
between Dispersogen A concentration and the reproductive output
of individual daphnids: low doses trigger a stimulatory reproduc-
tive response followed by a declining phase at high concentrations.
The interest in including sub toxic concentrations in dose–response
relationships has been expressed in studies on Daphnia for diverse
substances like heavy metals (Bodar et al., 1988) and insecticides
such as chlorpyrifos and triazophos (Li and Tan, 2011), whereas
interpreting and reporting test results for chemicals’ effects in
ERA still traditionally rely on the use of a monotonous sigmoidal
function, ignoring stimulatory effects (Conolly and Lutz, 2004).
However, dismissing the hormetic aspect of the dose response
curve is not a correct methodology, particularly for Dispersogen
A, because stimulatory effects were observed not only at low
exposure concentrations, but up to relatively high concentrations
(10.2 mg  L−1). In this study, with an adequate parameterization of
the Brain and Cousens model (Eq. (1)), we  could describe the entire
dataset, allowing predictions to be made at any concentration point
in the curve and allowing for an efﬁcient modelling of reproductive
effects at the population level. To integrate these measured sub-
lethal effects, using an IBM is optimal for extrapolating effects from
the individual to the population level (Preuss et al., 2010).
Survival models: Whereas toxicity effects of 3,4-dichloraniline
on populations could be efﬁciently predicted with IDamP (Preuss
et al., 2010) by implementing simple dose–response relationships
for survival and for reproduction, a dynamic effect model was  nec-
essary to simulate the survival of daphnids exposed to Dispersogen
A. Toxicodynamics were expressed through the increased sensitiv-
ity of daphnids over time, with an EC50 in acute toxicity tests (48 h)
of 167 mg  L−1 which decreased to 16.5 mg  L−1 in chronic tests. The
increased sensitivity of daphnids over time calls for the use of a
TK/TD model in the present study (Ashauer et al., 2011; Ashauer
and Escher, 2010).
According to the single effect models tested within our IBM,
reproductive toxicity effects predicted an increase in population
size at low exposure concentrations (in the capacity experiment).
The subsequent decrease at high concentrations was due to effects
both on reproduction and on survival. Yet, the reduction in the pop-
ulation size (Fig. 3a and b) obtained with the Reprotox model had
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teeper slopes than with the survival models in both the capac-
ty and the exponential growth experiments. This suggests that the
ffects caused by Dispersogen A on populations were mainly due to
ffects on reproduction. Nevertheless, it was necessary to account
or the combined effect scenario incorporating survival and repro-
uctive toxicity because it yielded more accurate predictions of the
eal measured population size than any of the single effect scenarios
ested.
At the highest Dispersogen A concentrations, even when lethal
nd sublethal effects were simultaneously integrated, the popula-
ion dynamics was still not fully captured. Effects on reproduction
nd survival appeared to be the determinants of population size
n the capacity experiment, but in the exponential growth exper-
ment, large deviations were observed at 4.1 mg  L−1 and higher
oncentrations. Additionally, with the adopted assumption for sur-
ival (SD) which over-estimated the effects of the chemical at the
ndividual level (at 25.6 mg  L−1, Fig. 2a), effects were still underes-
imated at the population level. This suggests that further mode(s)
f action triggered the observed reduction in population size. The
esults obtained by incorporating the F1 generation effects, even
sing a simple approach, greatly improved the agreement between
he model predictions and the measured data. This is clearly
bserved in the exponential growth experiment in which all the
tatistical indicators of goodness of ﬁt improved greatly compared
o those of SD + R scenario. In the carrying capacity experiment,
he adequacy of the model remained constant but its reliability
ecreased. This means that the model captured the same area of
he measured data but with higher uncertainty levels. This was  to
e expected since we introduced another effect model (F1 model)
o capture the effects at the highest concentration (25.6 mg  L−1).
herefore, the increase in variability is due to considering the F1
ffects at 4.1 and 10.2 mg  L−1 (also observed in Fig. 4a) which did not
mprove the ﬁt of the model at these concentrations. Furthermore,
he sum of squared errors was greatly reduced in both experiments
ith the SD + R + F1 model. These ﬁndings clearly demonstrate that
he F1 generation effects are needed to fully explain population-
evel effects.
Population extinction probabilities calculated using the com-
ined scenarios differed only slightly from the population
xtinction due to reproductive toxicity effect alone, indicat-
ng a stronger implication of reproductive effects in predicting
opulation-level effects. Nevertheless, the extinction probability
f the population obtained by integrating the F1 model increased
o a greater extent than with the survival models, suggesting, in
ccordance with the results mentioned above, that F1 generation
ffects might control the effects on population more than survival
ffects.
Following these results, we were able to rank the individual-
evel effects of Dispersogen A according to their importance and
heir role in determining population-level effects: the hormetic
ffects on individuals’ reproductive output accompanied by the
eduction of the neonates’ ﬁtness were the strongest predictors of
opulation size, followed by the F1 generation effects and ﬁnally,
he effects on individual survival that appeared to have the lowest
mpact on populations.
.3. Advantages and implications for risk assessment
Using an IBM combined with a TK/TD model, we were able to
apture the multiple organism-level effects of Dispersogen A and
etect the potential mechanisms controlling Daphnia populations
y testing several effect scenarios. This study explicitly showed that
eparately considering the impact of single toxicity effects on indi-
idual survival and reproduction might underestimate the effects
n populations. Even a combination of these two effects still did not
apture all the observed effects on populations. Not accounting forelling 280 (2014) 18–29
the multiple effects explains why  the risk assessment was not pro-
tective for daphnid populations in the laboratory, and disputes the
robustness of risk assessment procedure in the case of Dispersogen
A for ﬁeld populations. No other tool allows such an investigation
and therefore this study highlights the potential of mechanistic
effect modelling to supplement current risk assessment approaches
and to improve their robustness. To achieve these insights, it was
critical that we used a combination of population-level data with
mechanistic effect models to inversely determine the modes of
action of the toxicant at the individual level. This cross-level use
of data is a key element of pattern-oriented modelling (Grimm
et al., 2005; Grimm and Railsback, 2012); it reﬂects the fact that
within higher-order biological organizations, the performance and
behaviour of individuals is affected by the size and structure of the
population, but at the same time, population size and structure
emerge from the individuals’ performance and behaviour. Pattern-
oriented modelling aims to capture and use these mutual effects
to ﬁnd the most appropriate representation of structures and pro-
cesses.
5. Conclusion and recommendations
According to the ﬁndings of this study, we  suggest that the
measured individual-level endpoints in ERA should be revised and
re-adjusted for the case of Dispersogen A. Additionally, in cases
where the chemical in question induces hormetic effects at the
individual level, we  strongly recommend that further population
tests or F1 generation tests be conducted and their results be taken
into account in the risk assessment. The use of validated population
models in combination with laboratory population experiments is
a powerful tool for investigating toxicity effects in various exper-
imental settings, and also for simultaneously incorporating the
effects of multiple stressors and exposures, which reﬂects real-
ity. We  believe that mechanistic effect modelling has considerable
potential for improving the accuracy of ERAs of chemicals in the
future and would greatly assist in achieving efﬁcient and trustwor-
thy decision making.
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